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A B S T R A C T
Quality attributes such as moisture content, colour parameters and shrinkage of apples change undesirably
during the drying process. Drying is a highly dynamic process, thus, an effective optimisation in terms of product
quality and process performance requires continuous non-invasive measurement of the parameters in question.
In this study, visual to near infra-red hyperspectral imaging was used in combination with the respective gold
standard methods to estimate moisture ratio, CIELab chromaticity, browning index, shrinkage, and rehydration
ratio of apple slices during the hot air-drying process. Two varieties (cv. Elstar and Golden delicious) of apples at
three slice thicknesses (2, 3, and 4mm) were dried at 60 °C and 70 °C. Prediction models for the space-averaged
spectral reflectance curves were built using the partial least square regression method and including both
varieties. The performance of moisture ratio prediction was excellent (adj R2=0.94, RMSEP=0.076) and the
Variable Importance in the Projection value cut off above 0.8 at 970 nm and L* at 685 nm. Similarly, partial least
square regression modelling showed a good prediction for a*, b* value, BI, shrinkage and acceptable prediction
for L* and RR. The model performance was robust to the system settings irrespective of slice thickness, drying
temperature and apple variety. Additionally, method comparisons using Bland-Altman, Bablok, and Deming
regression were performed. The results confirm that the compared destructive (laboratory gold standard) and
non-destructive hyperspectral methods can be interchangeably used within the limit of agreement (± 1.96
standard deviations) and precision for determination of the MR, CIELAB chromaticity and BI, shrinkage, and
rehydration ratio. Therefore, these results confirm that hyperspectral imaging system can be used in online
monitoring of the apples during the drying process, and thus, in the optimisation of product and process per-
formance quality attributes.
1. Introduction
According to the World Health Organisation (WHO), approximately
3.9 million deaths worldwide were attributable to inadequate fruit and
vegetable (F & V) consumption in 2017 [1]. Inadequacy of con-
sumptionof F & V leads to poor health and several diseases such as
cardiovascular diseases and certain types of cancer. Thus, the recogni-
tion of the importance of a healthy lifestyle has driven many consumers
toward increasing their fruits and vegetables intake. With rising in-
comes and the increasing awareness towards food and its quality,
consumers have developed different consumption patterns and as a
result the demand for dried fruits and vegetables has risen amongst
others because of time efficiency and convenience [2]. Drying of fruits
is one of the oldest preservation methods. Dried apples for instance
have become a popular convenient snack with high nutritional value,
and are one of the major constituents of this changed nutrition pattern
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[3,4]. These dried products can be useful as main ingredients or sec-
ondary raw materials such as apple ring snacks or to produce energy
fruit bars [5]. Additionally, dried fruits and vegetables have a longer
shelf life compared to fresh fruits, higher total energy per Kilocalorie,
product diversity and substantial volume reduction with the in-
corporation of proper improvements in product quality and process
applications [6]. The knowledge of physicochemical and quality prop-
erties of dried apples could increase the current degree of acceptance of
dehydrated foods in the market. Nonetheless, drying of fruits may lead
to undesirable changes in physical and chemical properties such as
colour loss, change in shape and size that may lead to a decrease in
consumers’ acceptance and market value. Noteworthy, buying beha-
viour of consumers is often related to external attributes such as the
colour or appearance [7]. These have become significant quality
parameters in consumer perception of dried apple quality. Therefore,
food industry has been seeking accurate on-line processing technologies
that optimize the drying conditions for obtaining high quality dried
products, meeting the quality requirements demanded by the market
[8,9]. Thus, there is a crucial requirement of fast interventions in
quality assessment in case of any deviation from the specified course of
the process such as different types of apple varieties, slice thickness and
drying temperatures. The complexity of drying is due to interrelation
between the phenomena of heat and moisture transfer. Many of these
are functions of moisture content, drying time and colour changes [10].
Besides these parameters, apple cultivars also contribute to the varia-
tion in end-product quality. Additionally, different apple cultivars differ
in moisture content, porosity and chemical composition which has also
the greatest influence on the quality defining characteristics of dried
products [11–13]. Furthermore, the standard laboratory techniques,
such as the gravimetric method for moisture content determination, the
colour parameter by using Chromameter, interrupt a continuous drying
processing because they are invasive, often destructive, costly and time-
intensive. Thus, there is a great need for non-destructive non-invasive
measurement technique to determine these core quality attributes in a
continuous drying process [14–19]. A recent trend in the food drying
research focuses on the development of smart drying technology (arti-
ficial intelligence, computer vision, visible (Vis) and near-infrared
(NIR) spectroscopy, magnetic resonance imaging, and control system
for the drying environment) to meet high requirements on product
quality. The emerging intelligent control drying technologies offer im-
provement in food quality by minimizing thermal degradation, time of
drying and minimal changes in nutritional and aesthetical value [20].
For instance: non-invasive techniques, i.e. hyperspectral imaging (HSI)
for real-time observation of multiple product quality attributes, such as
moisture content, shrinkage, porosity, density, colour, and texture, as
well as valuable components have been reported [21]. Martynenko and
Sturm [22] reported intelligence in the form of computer vision and soft
sensors will cover existing gaps in knowledge regarding proces-
s–product interactions and product quality transformation within the
process of drying. The acquired information is used in control strate-
gies, facilitating adaptive (multivariate) control and thus, generating
intelligent drying systems. Thus, these systems will be helpful for the
drying industry for optimization via online and inline non-destructive
monitoring of product quality metrics and simultaneously controlling
the process operation by integrating the feedback from such a mon-
itoring system [23].
Moreover, it is imperative for the food industry that all food quality
instruments are precise and accurate. These food quality attributes such
as moisture content, colour parameters during drying are measured
using a laboratory destructive (or at least interruptive) approach which
has been commonly used for decades. Currently, there is a trend to-
wards replacing these destructive methods by numerous non-invasive
techniques such as HSI in the visible and Near-Infrared (Vis/NIR)
ranges, Raman spectroscopy, and Magnetic resonance imaging to ana-
lyse the quality attributes during the drying process [24]. These tech-
niques are gaining more importance in laboratory and online
quantitative applications for industrial use due to their characteristics
such as quickness, reproducibility of measurements requiring no sample
preparation, the robustness of the equipment and the possibility to
study the distribution of the different quality attributes within a sample.
The basic principle of HSI is to accumulate data on light reflected,
scattered, absorbed by a sample from across the electromagnetic spec-
trum (ultraviolet, near-infrared and infrared regions) that are not de-
tectable by the human eyes [25]. The HSI system produces electro-
magnetic energy in different forms at particular wavelengths according
to the differences in food quality. It combines spectroscopy and digital
imaging which provides both spectral and spatial information from an
object. The spectral features provide a wide range of multi-constituent
surface and subsurface characteristics and the spatial features of HSI
elaborate a complex heterogeneous sample [26].
Detection failures of quality attributes may lead to critical issues in
the current market and loss of economic value [27]. Therefore, robust
and accurate statistical methods are required for proper evaluations of
all analysis in order to validate the new approach. Various statistical
approaches have been used to assess the accuracy of the new techniques
to avoid the inappropriate conclusion [28]. Different partial least
square (PLS) regression models have been developed to determine the
performance of new techniques. The oldest criteria for measuring
agreement are the correlation coefficient (r). However, it is also im-
portant to be sure that a new method of measurement is in the agree-
ment with the current or gold standard (laboratory) method. The cor-
relation coefficient seems to be inappropriate as correlation only
measures the strength of linear association between variables [29].
Bland and Altman stated that it is very unlikely of two different
methods or instrument to be exactly in agreement or to give identical
results for all individuals. The Bland-Altman method is the approach
most commonly used to assess the agreement between the two mea-
surement methods [30]. It determines the mean difference between two
methods of measurement (the bias) and 95% limits of agreement as to
the mean difference [1.96 standard deviations (SD)]. The method is
based on the fact that when there is a non-consistent systematic bias
between two measurement systems, the correlation between the mean
of two measurement systems and the mean difference between two
methods of measurement is zero and a horizontal regression line fits the
points in the plot. If the slope of the regression line fitted to the Blan-
d–Altman plot is not significantly different from zero then the propor-
tional bias is absent [31].
To date no scientific work has been published related to the models
prediction performance analysis for continuous online non-invasive
quality assessment during drying of apples from two cultivars.
Furthermore, no performance comparison between destructive analy-
tical approaches (gold standard) and a non-destructive (HSI) method by
using various regression methods such as Bland-Altman and Bablok
regression has been reported. Sturm, [32] reported there is variation in
moisture content and structure of slices within the individual apple of
one variety. However, the fluctuations within the apple remain in a
very narrow range. Additionally, different levels of porous structure are
present in apple. Joardder et al., [33] showed that dried Granny Smith
apple has a higher porosity due to its larger cell dimensions and the
consequent loose packing of cells compared to Red Delicious. In this
framework, the main objective of this study was to build robust pre-
diction models for hyperspectral imaging that are valid across two
apple varieties and independent of slice thickness and drying conditions
to visualize quality parameters such as moisture content, CIELab colour
parameters, browning index (BI), shrinkage (S) and rehydration ratio
(RR). The specific objectives were to (i) to establish an HSI system in
the spectral range of 400–1010 nm to acquire the hypercubes of apple
samples, (ii) to extract spectral information and identify the significant
wavebands based on the Variable Importance in projection Plots (VIP)
and to determine important latent factors which then were used to
develop the PLSR models, (iii) to develop the PLS regression model and
prediction of MR, colour attribute such as L*, a*, b*, BI, shrinkage and
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rehydration ratio in apple slices, and (iv) to evaluate the agreement
between the results obtained by HSI and the laboratory assessment
during the drying of apple slices independent of different setting
parameters (two different apple varieties, two drying temperature set-
ting and three slice thickness).
2. Material and methods
2.1. Overview of the experimental design
Fig. 1 gives an overview of the experimental design. A three-factor,
general factorial design was developed to systematically study the in-
fluence of the factors: apple cultivar (cv. Elstar and Golden delicious),
drying temperature (60 °C and 70 °C), slice thickness (2 mm, 3mm, and
4mm) on drying time, CIELab colour parameter, BI, shrinkage and
rehydration ratio during drying processing. The general factorial design
allows to have factors with a different number of levels and create an
experiment that includes all possible combinations of factor levels. The
experimental design was augmented by three replicate runs of all fac-
tors. Three replications were performed for each experiment to get a
true average of the data which help to reduce the measurement errors
and also to increase the number of samples that helps to develop a
robust model.
2.1.1. Sample preparation
Apples (cv. Elstar and Golden delicious) from the same lot each
were purchased from the local supermarket in Witzenhausen, Germany.
Golden delicious apples were source from Italy and Elstar apples were
source from Germany. The samples were stored at 4 ± 1 °C until pro-
cessing. Fruit sampling was performed by randomly selecting sound
apples from the batch, with uniform size and ripening stage. Samples
were stored at room temperature for 2 h before starting the experi-
mental activities. Apples were washed, cored using a 25mm apple
stainless corer (Lurch, Hildesheim, Germany) and sliced into discs
Fig. 1. Diagram of the experimental design.
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(2 mm, 3mm, and 4mm thick) using an electric slicing machine (Graef,
Allesschneider Vivo V20, Arnsberg, Germany). Finally, to prepare slices
of uniform outer diameter (62mm) a circular cookies cutter
(Flammable, Germany) was used as presented in Fig. 1.
360 apple slices were prepared based on drying parameters (variety,
temperature, thickness) investigated, randomly arranged into 36 bat-
ches of 30 samples and subjected to hot-air drying. Additionally, 108
apple slices were prepared for rehydration ratio determination.
2.1.2. Drying experiments
Drying experiments were performed by warming up the dryer for
30min for stabilizing the required air temperature and then con-
secutive apple slices drying was performed at set conditions. At 60 °C
drying temperature, 2 mm samples were subjected to 5 h hot air drying
and sampling was performed at 0, 15, 30, 60, 90, 120, 150, 180, 240,
300min; 3mm samples were subjected to 6 h hot air drying and sam-
pling was performed at 0, 15, 30, 60, 90, 120, 180, 240, 300, 360min;
4mm samples were subjected to 7 h hot air drying and sampling was
performed at 0, 15, 30, 60, 120, 180, 240, 300, 360, 420min. At 70 °C
drying temperature, 2 mm samples were subjected to 4 h hot air drying
and batch sampling was performed at 0, 15, 30, 60, 90, 120, 150, 180,
210, 240min; 3mm samples were subjected to 5 h hot air drying and
batch sampling was performed at 0, 15, 30, 60, 90, 120, 150, 180, 240,
300min; 4mm samples were subjected to 6 h hot air drying and batch
sampling was performed at 0, 15, 30, 60, 90, 120, 180, 240, 300,
360min.
2.1.3. Reference measurements
The moisture contents of the apple slices were obtained from the
gravimetric method during the drying process as shown in the Fig. 1.
The average value of the triplicate experiments was determined. After
the drying process, the samples were dried at 105 °C in an hot air oven
(SLE 500, Memmert GmbH, Germany) for 24 h according to Association
of Analytical Communities (AOAC) [34] to determine the final moisture
content. Moisture content (MC, wet base) was determined from the
weighing with initial and final moisture determination. The moisture
ratio (MR) was calculated with Eq. (1) below:
=
−
−
M M
M M
MR e
i e (1)
with M as moisture content at any time, Mi as the initial moisture
content and Me as the equilibrium moisture content. According to [35],
it was simplified to equation (2) below:
=
M
M
MR
i (2)
Colour of apple slices was measured on the upper surface of each
sample by performing four colour measurement on opposite sides of
each slice. The three colour components in L* a* b* space were de-
termined with a hand tristimulus reflectance colorimeter (CR-400,
Konica Minolta, Osaka, Japan). Before colour acquisition, the colori-
meter was calibrated using a standard white plate. L* represent the
brightness component of samples. The higher the L* value, the brighter
the sample. The value of a* is the ratio between red and green, the
higher the value the redder is the sample and the lower the value, the
greener is the sample. The value of b* is the ratio between yellow and
blue. The higher the value, the sample is yellower and the lower the
value, the sample is bluer in colour. The changes in each individual
colour parameters were calculated as Equation (3)
= − = − = −∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗L L L a a a b b bΔ ; Δ ; Δ0 0 0 (3)
The subscript ‘0′ refers to the initial colour parameters of each
sample at the beginning of the drying experiments.
According to Bußler, Ehlbeck, & Schlüter, [36] BI was calculated as
Equation (4)
=
−BI [100(x 0.31)]
0.17 (4)
where,
=
+
+ −
∗ ∗
∗ ∗ ∗
x (a 1.75L )
5.645L a 3.012b
Relative shrinkage of the samples during drying was expressed in
terms of relative change in volume as the sample volume at any time
(V) to initial volume (V0) [37] as Equation (5). The volume was cal-
culated by measuring the height at three points of each slices by using a
calliper 0–150mm (Kinzo) at every measuring interval and two-di-
mensional shrinkage (changes in slice area) was determined by
counting pixels retrieved from HSI.
=
∗
∗
Shrinkage(S) V(area height)
Vo(areafresh heightfresh) (5)
Rehydration experiments were performed by immersing a weighed
dried sample into 300ml distilled water at 65 °C for 10min at 100 rpm
on a magnetic heat stirrer mod. RMH (Gehardt GmBH & Co. KG,
Königswinter, Germany). The samples were drained over a mesh for
two minutes followed by gently blotting with paper tissue 3–4 times in
order to absorb and eliminate the adhering surface water and then re-
weighed. Triplicate experiments were carried out for each setting.
Rehydration ratio (RR) was measured as the weight of sample after
rehydration to the weight before drying as shown
=RR
W
W
rehydrated
initial (6)
2.2. Overview of hyperspectral data processing and analysis
A flowchart (Fig. 2) is used to give a general overview of the
methodology. In this study, a two-step validation approach was fol-
lowed for the model development: (i) cross validation of the whole data
sets and (ii) randomly splitting data to an independent test data set.
2.2.1. Hyperspectral image acquisition, image segmentation and pre-
processing
A hyperspectral imaging system type ImSpector V10E (Specium
Spectral Imaging Ltd, Finland) was used to acquire scanning images of
the apple slices. The system was comprised of an illumination source
(three 60W halogen lamps) fixed at a 45° angle to illuminate the
samples, a linear translation stage, and the hyperspectral imager cou-
pled with a 35mm Schneider lens C-mount zoom lens (Xenoplan 1.9/
35, Schneider Optishce Werk GmbH, Germany). The distance between
the camera lens and the surface of the apple slices was fixed at 270mm.
The HSI system measures a set of three sample slices at a time in the
reflected wavelengths from 400 to 1010 nm. However, the wavelength
region between 491 and 1005 nm was used in this study due to the low
output of the illumination system in the lower wavelength region. The
samples were scanned at a moving speed of 8mm s−1; images were
consequently captured by the camera at intervals of 1.5 nm and the
exposure time was set at 20 msec. Each complete image consisted of 3
apple slices and the white reference tile. A white tile of
200mm×24mm (H×W) was used as a reference which resulted in a
spatial resolution of 1700× 1392 pixels (H×W). The apple samples
were saved in ENVI 3.6 format (Research system, Inc., USA) for further
processing.
Both white and dark references were acquired to correct the raw
images by excluding the random noise (such as uneven light source
intensities). The dark reference was obtained by closing the shutter of
the camera. Image segmentation, background and dead pixel removal,
noise removal and average reflectance calculation were carried out
using Matlab 2015a, following the methods used in a previous study
[38]. The relative reflectance spectrum for each pixel in the image (R
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(λxy)) was calculated with the following equation with spatially aver-
aged reference illumination spectrumW(λxy) and the sample irradiance
spectrum S(λxy) as Equation (7)
=
−
−
R λxy S λxy Dλ
W λxy Dλ
( ( )) ( )
( ) (7)
The average relative reflectance spectrum for each sample was then
calculated automatically.
Each sampling batch was subjected to both Vis/NIR spectral data
acquisition and determination of moisture ratio, shrinkage, change in
CIELab colour, and rehydration ratio.
2.2.2. Multivariate data analysis
All data sets were imported into JMP software to perform PLS
analysis on all batches at the same time by taking all quantitative
factors (i.e. 2, 3 and 4mm thickness; 60 °C and 70 °C drying tempera-
ture; cv. Elstar and Golden delicious) into account, in order to obtain
models robust to the variance. Pre-processing using mean centering and
autoscaling was applied on variables before modelling approach. Mean
centering is the standard basic steps in pre-processing of multivariate
methods. It removes the mean spectra and moves the natural data
origin to the multivariate mean. The average of each column is calcu-
lated and then subtracted from each value. Thus, the average of each
mean centered column is zero. Autoscaling includes mean centering but
after the column average subtraction, each value is divided by its re-
spective column standard deviation. As a result, all the column has zero
mean and unit variance [39]. First, principal component analysis (PCA)
was performed on the entire spectral data (X-matrix) to identify the
most important directions of variability in a multivariate data space.
The same spectral dataset was used together with a block of quality
Fig. 2. Flowchart showing a general overview for each hyperspectral image and data processing methodology.
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values (moisture ratio, L*, a*, b*, BI, shrinkage and rehydration ratio)
to build a predictive PLS regression model, so that these attributes can
be predicted in the future directly from the measured spectra. Regres-
sion models were computed using the PLS regression through the
nonlinear Iterative Partial Least Squares (NIPALS) algorithm and by
testing a number of factors equal to 15. The frequency distribution of
variables was observed with the help of histogram and to define an
appropriate experimental space, the data was summed over the in-
tensities in the bins. Bins were chosen with a fixed width, or with a
width that increases with almost equal distribution of the dataset. Each
model was optimized by computing a binning with 10 data splits. The
binning procedure decouples the linear order between the original
quantitative values and allows any pattern in the relation between re-
sponses (X) and Y to be modelled [40]. The regression models were
calculated by using the two-way cross-validation method which was
adapted to overcome the dependency between the predicted error for
new individuals and the optimization of the model parameter. The
datasets were split into two groups: 1. training and validation set and 2.
test set. The data were selected randomly and divided into 60% training
set; 40% as the validation set. A set of independent data was set aside to
test the model performance. Firstly, single cross validation was per-
formed using the training and validation set which results in the model
by using an optimal number of PLS components. The optimal number of
latent variables (LV) or factors for PLS regression model were selected
at the minimum predicted residual error sum of square (PRESS) of the
validation set [41]. PRESS is defined as the sum of squares of deviation
between predicted and reference values of quality parameters and was
calculated using Equation (8)
∑= −PRESS (y y )cal act 2 (8)
Thus, this model provides the predicted formula that is applied on
test datasets (that is; statistically almost identical, including an in-
dependent test set consisting of the observations which were not in-
cluded in the training and validation step). The calibration model was
then used to predict an independent test dataset.
Model accuracy was evaluated using two parameters; adjusted
coefficient of determination (adj R2) and root mean square error
(RMSE) for training set (adj R2T and RMSET) and cross-validation set (R2V
and RMSEV) The R2 and RMSE were defined in Eqs. (8), (9), and (10),
respectively [42].
= −
∑ −
∑ −
R 1
(y y )
(y y )
2 cal act
2
cal mean
2 (9)
∑=
−
RMSE
(y y )
nV
cal act
2
(10)
∑=
−
RMSE
(y y )
np
pred act
2
(11)
where n is the number of spectra (samples), yact is the actual value,
ymean is mean value, ycal is the calculated value from calibration model,
ypred is the predicted value of the MR, L*, a*, b* and BI in apple slices
samples estimated by validation method.
The standard outputs such as adj.R2, RMSE for the training, vali-
dation and testing datasets were used to evaluate the model quality and
to assess the influences of predictors. High adjusted R2 and low RMSE
values indicate the best model for predicting the quality parameters.
Additionally, the variable importance in the projection (VIP) was
used to select the important wavelength regions from the PLS models
[43]. The VIP scores obtained by PLS regression can be used to select
the most influential variables or predictors, X. The VIP score can be
estimated for jth X-variable by Eq. (11).
∑=
=
( )
V SS
SSTj P a 1
A
a
W
W
2aj
a
(12)
where P is the total number of variables, A is the total number of
components, SSa is the sum of squares explained by the ath component,
SST is the total variance explained by all the components, ( )WW 2aja is
calculated using loading weight vectors Waj for each component and
represents the importance of the variable j for component a. The pre-
dictor variable whose VIP score is greater than 0.8 is considered as an
important variable in this study considering the average of squared VIP
score [44].
The Bland Altman method of differences [45] was used to assess the
agreement of routine laboratory methods (destructive) and hyperspec-
tral imaging approach (non-destructive) in determining the MR, colour
parameter CIELab, BI, shrinkage and RR of the apple slices. The Bland
Altman method is expressed with the 95% limits of agreement that is
estimated by mean difference ±1.96 standard deviations and these
values define the range within which most differences between mea-
surements by the two methods would occur. Thus, the smaller the range
between these two limits the better the agreement between the mea-
surements [46].
Furthermore, regression analyses are determined by using the
equation of the fitting line. The basic principle is that the fitting line has
a slope of 1, an intercept of 0 and the data points scatter very closely
around the regression line. However, an empirical result can deviate
from the ideal result in various ways. Thus, the bias of the test method
can be calculated by the difference between the regression line (fitting
line) and the line of equality (y= x). The Passing Bablok linear re-
gression analysis technique was also used to estimate the agreement of
analytical methods agreement and to detect possible systematic bias
between measurement methods. It is a non-parametric statistical test
procedure [47]. Orthogonal (Deming) Regression was also determined
which present both x and y random error that are proportional to the
overall average value of the test and comparative results for each
sample [48].
2.3. Statistical analysis
The effects of drying temperature, apple variety, slice thickness and
their mutual interactions on Change in CIELab parameters, and ΔBI
were examined by using Analysis of Variance. 95% confidence level
was considered as the critical P-value to determine the effect of the
parameters on the CIELab colour parameters.
Matlab software R2015b coupled with the ‘Image Processing’
toolbox was used to process the hypercube of apple samples and to
acquire the relative area shrinkage of each slice.
All computations and multivariate data analyses were performed
with the JMP software (SAS Institute Inc., Cary, NC, USA) and hy-
percube image processing were done using Matlab 2015a (The
Mathworks Inc., Natick, MR, USA).
3. Results and discussion
3.1. Drying behaviour (Effect of variables on drying time)
Fig. 3 shows the drying curves for two apple varieties (Elstar and
Golden Delicious) considering three thickness (2, 3 and 4mm) based on
the moisture ratio values at 60 °C and 70 °C drying temperatures.
It has been observed that the drying time to reach the final moisture
content of 12% were 123, 243 and 248min for Elstar and 244, 260,
288min for Golden Delicious for the slice thicknesses of 2, 3 and 4mm
respectively, at the drying air temperature of 60 °C. Corresponding
values for Elstar variety of 2, 3 and 4mm slice thicknesses were 62, 118
and 174min and 59, 103 and 119min for Golden Delicious at the
drying temperature of 70 °C. As expected and already showed by pre-
vious studies [10,49,50], the higher the drying temperature and thinner
the slice, shorter the drying time to achieve the same final moisture
content. In this study, the reduction of apple slices from 3mm to 2mm
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resulted in a decreased drying time of ca. 50% which is in agreement
with the study done by Sturm, [32]. However, reduction of apple slices
from 4mm to 3mm resulted in a non-uniform decrease for drying time
of both varieties at both drying temperatures. This might be due to
inhomogeneous structure of apple slices and initial moisture content.
3.2. Colour assessment
It is well known from literature that particle dimensions (slice
thickness) and process settings (temperature) impact on colour changes
during the drying process [10,51–53]. In this study slice thickness,
apple variety and drying temperature show the greatest influence on
the colour parameters (Table 1).
For Elstar the ΔL* values were not significantly different for for all
drying parameter settings. It was observed that the ΔL* values of 3mm
slices dried at 70 °C of Golden Delicious variety were higher and sig-
nificantly different compared to the slices of 3 and 4mm dried at 60 °C
and 2mm at 70 °C. In terms of the reduction in redness of the slices,
2 mm slice of Elstar dried at 60 °C and 70 °C showed a significantly
lower redness compared to 4mm slices dried at 60 °C and 70 °C but
were not significantly different to 3mm slices dried at both tempera-
tures. In case of Golden Delicious, 2 mm slices dried at 70 °C had a
lower redness compared to 4mm− 60 °C, 3mm− 70 °C and 4mm−
70 °C slices. It can be observed that the magnitude of the change in b*
were higher in 4mm − 60 °C Elstar slices which was significantly dif-
ferent to 4mm −70 °C slices. Similarly, in Golden Delicious, 4mm −
60 °C slices reached higher values which was only significantly different
to 2mm dried at 60 °C.
With regards to ΔBI, 4mm Elstar slices dried at 60 °C showed more
pronounced browing compared to 2, 3mm dried at 60 °C and 70 °C but
was not significantly different to 4mm slice dried at 70 °C. This in-
dicates that due to the higher volume to surface area, the product stays
in a higher moist state for a longer period of time, which in con-
sequence leads to a darker finished product [54,55]. Moreover, this
could be attributed to the chemical, biochemical and physical changes
which occur during drying which lead to quality changes such as a
change in colour [32]. For Golden delicious, it was observed that 3mm
slice dried at 70 °C showed the highest ΔBI which is only significantly
different to 2mm slices dried at 60 °C and 70 °C drying temperature.
Furthermore, for all settings, the degree of browning for Golden deli-
cious was higher than for Elstar. This might be due to the presence of a
higher concentration of phenolic compounds in Golden delicious which
accelerates the development of the brown colour [56]. Additionally, it
might be due to high levels of non-enzymatic browning or Maillard
reaction and oxidation of ascorbic acid [5,57]. Therefore, with an in-
crease in the thickness of apple slices (4mm), the development of
brown colour increases consecutively in both apple varieties dried at
60 °C and 70 °C as the heat exposure increases to remove the moisture
content [58,59].
3.3. PLS analysis
3.3.1. Selection of wavebands from VIP plot
Fully cross-validated PLS regression models were developed for MR,
L*, a*, b*, BI, S, and RR to predict each quality attribute. The optimum
number of latent factors was used to build a robust PLS regression
model to obtain the best prediction performance. The optimum number
of PLS-latent variables for each feature and the number of factors that
produced the least PRESS was selected as optimum value. Fig. 4 shows a
typical plot of PRESS for each analyte as a function of the number of
factors. As seen, the PRESS for MR (a), L*(b), a* (c), b*(d), BI (e), S (f)
and RR (g) reaches to a minimum a latent variable equal to 13, 7, 14, 7,
13, 15 and 6 respectively. The minimum root mean PRESS for MR, L*,
a*, b* and BI were 0.27, 0.63, 0.36, 0.37, 0.26, 0.17 and 0.57 respec-
tively. These factors were selected to avoid overfitting (which occurs by
selecting too many latent variables, poor splitting of training and
testing data sets) and under fitting (selecting fewer variables). Thus,
these optimum factors were good enough to capture, and model the
variability in the data. PLS regression was applied across all spectral
data using the respective latent factors for the simultaneous determi-
nation of the analytes using the validation method.
Fig. 5 shows the Variable Importance Plot (VIP) scores of the 329
wavelengths (491–1005 nm) X-variables for MR (a), L* (b), a* (c), b*
Fig. 3. 2mm, 3mm, and 4mm thickness apple slices (cv. Elstar and Golden Delicious) drying process at 60 °C (a) and 70 °C (b).
Table 1
CIELab and BI parameter of apple slices at different settings.
Variety Level Δ L * Δ a * Δ b * Δ BI
Elstar 2mm – 60 °C −0.15 a 1.61b 12.32 ab 2.26b
3mm – 60 °C −6.06 a 3.65 ab 12.46 ab 5.62b
4mm – 60 °C −4.38 a 5.36 a 16.64 a 10.12 a
2mm – 70 °C −9.49 a 2.79b 10.92 ab 4.61b
3mm – 70 °C −4.88 a 3.30 ab 13.29 ab 5.08b
4mm – 70 °C −7.93 a 5.35 a 10.35b 7.17 ab
Golden delicious 2mm – 60 °C −9.89 ab 4.15 bc 9.54b 7.08 bc
3mm – 60 °C −5.68 a 5.49 abc 17.76 ab 8.09 abc
4mm – 60 °C −6.52 a 7.35 ab 19.93 a 10.39 ab
2mm – 70 °C −6.62 a 3.43c 14.68 ab 5.65c
3mm – 70 °C −12.05b 8.12 a 18.31 a 11.78 a
4mm – 70 °C −10.01 ab 7.91 a 16.25 ab 10.82 ab
Levels not connected by same letter are significantly different.
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Fig. 4. RMSE PRESS plot for MR (a), L* (b), a* (c), b* (d), BI (e), S (f) and RR (g) as a function of number of factors.
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Fig. 5. VIP plot for MR (a), L* (b), a* (c), b* (d), BI (e), S (f) and RR (g) as a function of wavelength.
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(d) and BI (e). In this study, X-variables (spectral wavelengths) with a
VIP score greater than 0.8 are considered as important variables for the
modelling of the metric (Y-variables) to be modelled. However, VIP cut-
off points vary throughout the literature [60,61]. Clearly, MR and L*
parameter have VIP scores greater than 0.8 which might be related to
the part that connects to the water distribution at 970 nm and change in
pigments at 685 nm. The wavelengths at 970 nm and 685 nm are sig-
nificant parameters in describing the water content distribution and
chlorophyll content in apple slices which aligns well with the several
studies [39,62,63].
3.3.2. PLS regression modeling
PLS models were developed using data from all apple slices, re-
gardless of apple variety, slice thickness, drying times and drying
temperatures to maximize the predictability of Vis/NIR hyperspectral
imaging from a wide range of reference values and to make a real world
application more feasible. The measured values obtained from the
routine laboratory test (destructive) for the different quality attributes
and predicted values for these same samples resulting from the optimal
PLSR models are plotted and displayed in Fig. 6. The PLS models for
MR, a*, b*, BI, and shrinkage gave a very good statistical performance
Fig. 6. Partial least squares models for MR (a), L* (b), a* (c), b* (d), BI (e), S (f) and RR (g) using training (blue) and validation (red) set of apple samples.
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which is shown by high adj R2 and low RMSE. The adjusted R2 for MR is
93% with an RMSE of 0.32, a* (adj of 86%, RMSE of 0.95), b* (89% adj
R2 and 2.82 RMSE) and BI (93% adj R2 and 1.10 RMSE). This indicates
very good prediction ability of the resulting models with the re-
production of calibration data. However, the prediction of color com-
ponent (L*) was not satisfactory which might be attributed to the
narrow range (70.63 – 78.93) of L* values involved in building its PLS
regression calibration model. The significantly higher changes in L* for
the hyperspectral images could be caused by glossiness or the in-
creasing unevenness of the product surface during the drying process
[7]. Additionally, there might be pigment transfer during the drying
process. Nevertheless, it is notable that VIP score shows the range of
wavelengths for L* parameter but its performance is not as good as to
be used for quantification of L* prediction. The prediction performance
for rehydration ratio was good with 70% adj R2 and 0.040 RMSE. The
PLS regression models using the Vis/NIR spectra appeared to be robust
in predicting the moisture ratio, shrinkage and brown colour develop-
ment of apple slices.
3.3.3. Predictive ability of PLS model and method comparison
In the present study, an independent test sample was applied on the
PLS validation model. MR, a*, b*, BI, S and RR were reliably predicted
regardless of the apple variety, drying temperature and slice thickness.
PLSR prediction results for MR and colour (L*, a*, b*, BI values, S and
RR) are presented in the scatter plots [Fig. 7 (a, b, c, d, e, f, g)].
In [Fig. 7 (a, b, c, d, e, f, g)], the ordinate and abscissa axis re-
spectively represent the predicted and measured fitted values of the
corresponding parameters. Statistics obtained for the prediction of MR
revealed excellent performance with an adj R2 of 0.94, RMSE of 0.076.
Similarly, the adjusted coefficient of determination between each
characteristic with the RMSE was embedded inside each graph to in-
dicate the prediction performances of the models. The PLS model in
Fig. 7. Prediction of the variables [MR (a),
L* (b), a*(c), b*(d), BI (e), S (f), RR (g)]
using the PLS validation model of in-
dependent samples. The dotted line re-
presents the line of best fit while the red
line is a reference line plotted at the diag-
onal. Bland Altman plot showing the dif-
ference against the average of test hyper-
spectral imaging method and standard
measurements with limits of agreement
(LoA) (broken lines) for the variables [MR
(h), L* (i), a*(j), b*(k), BI (l), S (m), RR
(n)]. X-axis represents the mean of the two
variables and the Y-axis depicts the dif-
ference. The solid red line represents the
mean and the dotted lines show the stan-
dard deviation. When the plot shows no
relationship between discrepancy and the
level of measurement, so that LoA are
valid.
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predicting L* colour parameter and rehydration ratio appeared to be
not as good since the adjusted correlation of determination coefficients
was low. This could be elucidated to the differences in absorbance
patterns due to structural changes in the slices for different apple
variety and thickness. Additionally, the analysis was performed on a
large number of samples which might be heterogeneous and wide
variation in apple slices [64] resulting in low prediction performance.
Therefore, the accuracy of the regression model is evaluated as being
excellent for the prediction of MR, a*, b*, BI and shrinkage detection in
this study.
Fig. 7 (h, i, j, k, l, m, n) shows Bland Altman plots which are used to
compare the agreement between the laboratory measurement (de-
structive) system and non-destructive analysis system for MR, L*, a*,
b*, BI, S, and RR parameters. Since there is no relationship between
difference and average of data from the conventional approach and
non-destructive method, the limit of agreement between these methods
using difference and average were used. The results are presented as the
differences between the two methods that lie between the limit of
agreements (mean ± 1.96 standard deviations). As seen in Fig. 4b, the
mean of differences for MR was 0.017 with a standard deviation of
0.003, and the limit of agreement [95% confidence interval (CI)] was
reported as 0.011–0.024. The mean of differences for L* and predicted
L* was observed as−0.39 with a standard deviation of 0.111. The limit
of agreement was observed as−0.609:−0.172. Similarly, the mean of
differences for a*, b* and BI was found as 0.095,−0.079, 0.171 with a
standard deviation and limit of agreement value of 0.875 (1.81:
−1.62), 2.33 (4.49: − 4.65) and 1.04 (2.22: −1.88) respectively.
These results suggested that the data points for MR, L*, a*, b* and BI
were within the limits of agreement (with nearly equal distribution of
over and underestimation of respective values). The results in this study
agreed with the statistical limits [65], which are calculated by using the
mean and the standard deviation of the differences between the pre-
dicted formula and measure responses. Furthermore, the standard de-
viation of the difference between HSI and the laboratory (destructive)
measurements was relevantly small showing an acceptable precision
and both methods can be interchangeable to predict the moisture ratio
and colour components CIE L* a* b*. Thus, it was possible to assess two
independent methods of measuring the same variable, each of which
might have its own inherent error. However, some large differences
were seen when measuring the L* parameter, shrinkage and rehydra-
tion ratio. Therefore, a poor agreement exists between the destructive
approach and hyperspectral imaging in the measurement of L*,
shrinkage and rehydration ratio.
In the Deming regression analysis, a slope of 0.98 (95% CI [0.96
to1.00]), the intercept of 0.02 and variance fit ratio of 0.96 was ob-
served for MR, showed both destructive and hyperspectral imaging
measurement methods have a good concordance. The concordance
correlation coefficient was 0.95, which is considered as acceptable
performance between two measurements to determine MR in apple
slices. Similarly, for L*, a*, b* and BI value have a slope of 0.97 (95% CI
[0.98 to1.04]), 0.99 (95% CI [0.96 to1.01]), 0.98 (95% CI [0.95
to1.005]) and 0.98 (95% CI [0.95 to1.005]) respectively. The intercept
for L* was 1.85, b* was 0.09, a* was 0.602 and BI was 0.60. The var-
iance fit ratio for L*, a*, b* and BI was observed as 0.94, 0.98, 0.96,
0.96 respectively. Additionally, the Passing and Bablok regression
analysis showed a close agreement of both slope and intercept, with the
target values of 1 and 0 within the 95% confidence except for MR value
as presented in Table 2.
4. Conclusions
Prediction models based on the Vis/NIR spectrum can be very useful
to rapidly, cheaply and easily predict the quality parameters of apple
slices of the different apple varieties such as moisture ratio, CIELab
chromaticity, and shrinkage and rehydration ratio. The Vis/NIR based
prediction models have shown to be reliable for the moisture ratio, a*,
b*, browning index, rehydration ratio and shrinkage prediction of apple
slices irrespective of the apple varieties, apple slice thickness, drying
temperatures and drying time. Since the differences between the rou-
tine laboratory method and non–invasive hyperspectral imaging mea-
surements were small, hyperspectral imaging technique could replace
measurement in a laboratory during the drying process or the two
methods could be used interchangeably.
Such models showed robustness that could be further used for
quality optimization in different apple varieties during the on-line
drying process. Only the accuracy of the L* and RR parameters should
be improved to enhance further the L* and RR prediction models.
However, it was found that all the devices showed satisfactory preci-
sion, but there was substantial disagreement when their results were
compared to a laboratory reference. Therefore, HSI can be used for the
development of smart drying systems as real-time measurement of
product characteristics becomes possible. Further research is needed in
this work that consider more samples with different species and
growing regions to improve the robustness of the model. Additionally,
the visualization of chemical components distribution such as phenolic
content in apple using the Vis/NIR HSI technology will also be a point
of future interest investigation.
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